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Background: Exploring novel biomarkers and developing effective therapeutic strategies can improve the
prognosis of lung squamous cell carcinoma (LUSC) in the future. The prognostic value of tumor-infiltrating
immune cells (TICs) in solid tumors has been extensively studied. However, the landscape of TICs involved
in the prognosis of non-small cell lung cancer (NSCLC), especially in LUSC, remains unclear and should be
systematically investigated.

Methods: This retrospective study analyzed the immune-related transcriptional profiles of 490 LUSC
patients from The Cancer Genome Atlas (TCGA) cohort. Using the CIBERSORT method, TICs were
evaluated and examined for their association with overall survival (OS) in LUSC.

Results: Out of the 27 TICs, 14 were correlated with prognosis in LUSC. A novel prognostic model
characterized by fewer memory B cells and more central memory CD8 T cells, regulatory T cells (Tregs),
and plasmacytoid dendritic cell (pDC) infiltration predicted poor OS in LUSC with high accuracy. The 1-, 3-,
and S-year areas under the curve (AUC) were 0.95, 0.98, and 0.96, respectively, in the training cohort. This
finding was further validated in the validation cohort, where the 1-, 3-, and 5-year AUCs were 0.95, 0.98,
and 0.95, respectively.

Conclusions: These findings may provide more effective prognostic biomarkers and potential therapeutic
targets for the immunotherapy of LUSC.
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Introduction histological, genetic, and molecular aspects, NSCLC can be

further classified into 2 groups, including the most common

Nowadays, lung cancer has become a global public health
issue and is the leading cause of cancer-related death
worldwide (1). Around 95% of lung cancers are divided into
two main types: small cell lung cancer (SCLC) and non-
small cell lung cancer (NSCLC) (2). According to clinical,
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histological subtype lung adenocarcinoma (LUAD),
followed by lung squamous cell carcinoma (LUSC) (2).
LUSC currently has both high incidence and mortality
rates, and systemic cytotoxic chemotherapy has been the
main treatment strategy for advanced stage LUSC (3).
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However, the side effects and drug resistance have caused
the benefits of these treatments to reach a plateau (4). As the
critical biomarkers and precise targets of the development
and progression of LUSC remain unclear, molecular-
targeted therapy and immunotherapy are limited (5,6).
Thus, exploring novel biomarkers and developing effective
therapeutic strategies can improve the prognosis of LUSC
in the future.

Previously, malignant cancer phenotypes were
predominantly defined by the intrinsic activities of cancer
cells. In fact, it has been reported that components of
the tumor microenvironment (TME) are closely related
to prognosis, especially tumor-infiltrating immune cells
(TICs) (7,8). Growing evidence suggests that increased
infiltration of B cells, T cells, and dendritic cells (DCs) is
associated with better prognosis in patients with NSCLC,
however regulatory T cells (Iregs) and tumor-associated
macrophages (TAMs) have the opposite effect (9). Recently,
TICs have been studied in depth and multiple mechanisms
have been found to contribute to lung cancer escape from
immunosurveillance (10-13). In addition, immunotherapy,
such as immune checkpoint blockade therapies, has recently
emerged as a promising therapy strategy in lung cancer
(14-16). Nevertheless, the landscape of TICs and the
immune-related antigens involved in the prognosis of
NSCLC, especially in LUSC, remain unclear (17-20).
Therefore, it is necessary to intensively investigate whether
the immune cell landscape can assist in evaluating the disease
outcomes of patients with advanced-stage disease and can
help develop further effective immunomodulatory strategies.

At present, emerging bioinformatics tools hold great
promise for the characterization of TIC subsets. Compared
with traditional techniques including immunohistochemistry
and flow cytometry, bioinformatics techniques can
draw more convincing and comprehensive conclusions,
utilizing more available phenotypic markers and stricter
criteria (21,22).

In this study, based on The Cancer Genome Atlas
(TCGA) cohort, we mapped the immune cell compositions
using the CIBERSORT method and quantified the
immune-related antigens present in LUSC tissues.
Furthermore, we characterized the prognostic landscape
of 27 tumor infiltrates and identified 17 relative immune
checkpoint modulators in LUSC. Importantly, a novel
prognostic model was structured to predict overall survival
(OS) in LUSC, which may contribute to exploring effective
immunotherapies.

We present the following article in accordance with
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the STARD reporting checklist (available at http://dx.doi.
org/10.21037/atm-21-1852).

Methods

The study was conducted in accordance with the
Declaration of Helsinki (as revised in 2013).

Database

Information of LUSC gene expression profiles and relevant
normal controls were downloaded from the public database
the TCGA data portal (https://tcga-data.nci.nih.gov/tcga/)
in October 2019. The corresponding clinical datasets such as
clinicopathological information and survival rates were also
obtained from the TCGA data portal and integrated into the
gene expression data. All patients were randomly assigned to
2 cohorts, including the training cohort, which comprised
40% of the total patients, and the validation cohort, which
comprised 60% of the total patients. Then, we used Cell
type Identification By Estimating Relative Subsets of RINA
Transcripts (CIBERSORT, a deconvolution algorithm)
to identify the subpopulations of TICs. In addition, 17
immune molecules previously recognized as crucial immune
checkpoint modulators, including CD27, CD40, CD58,
CD70, CD86, CD274, CD276, CTLA4, HAVCR?2, ICOS,
IDOI, LAG3, PDCD1, PDCDILG2, TIGIT, TNFRSF14,
and VI'CNI1, were analyzed for their correlation with tumor
infiltrates and prognostic value in LUSC.

Evaluation of TICs

We evaluated the fractions of these 27 TIC subpopulations
with standard gene expression data. Furthermore, the
“CIBERSORT.R” package was utilized to generate a
proportion matrix of TICs in LUSC, with the default
signature matrix at 100 permutations (23). Only samples
with a CIBERSORT P value <0.05 were enrolled for
subsequent study.

Algorithm and training

As an ensemble learning method which combines multiple
decision trees, a random forest classifier was used to train
the data. Multiple decision trees are trained simultaneously
when we utilize a random forest model, and the majority
output across all trees determines the outcome of a random
forest model. The maximum depth of each tree is 4 nodes.
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In our study, the random forest model was trained until each
tree reached the maximum depth under the constraints of
the supplied parameters. Only the training set was utilized
to train the model, and the generalizability of the model was
tested with the validation set. The random forest model was
trained on an IntelVR CoreTM i5 Central Processing Unit
and implemented with the scikit-learn framework (24).

Statistical analyses

Heatmaps and clustering were generated with ClustVis, a
web tool for visualizing the clustering of multivariate data.
The principal component analysis (PCA) plot for the TICs
in our study was generated with the plotPCA command
from the DEseq2 package. The differences in TICs between
tumor and normal tissue were compared with the #-test,
and the associations between TIC levels and overall survival
(OS) in LUSC patients were illustrated using Kaplan-Meier
plots. Receiver operating characteristic (ROC) curves were
utilized to evaluate the prognostic accuracy of the model.
Hazard ratios with 95% confidence interval (CI) and log-
rank P values were calculated. A P value of <0.05 was
considered as the cut-off value.

Results
TIC distribution characteristics in LUSC

The data of 490 LUSC cases and 49 normal controls were
available from the TCGA database in October 2019. Then,
we utilized the CIBERSORT method to classify and count
the 27 immune cell subtypes, including T cells [type 17 T
helper cell, central memory CD4 T cell, type 1 T helper
cell, effector memory CD8 T cell, Tregs, T follicular helper
(Tth) cell, central memory CD8 T cell, gamma delta T
cell, activated CD4 T cell, activated CD8 T cell, effector
memory CD4 T cell, and type 2 T helper cell], B cells
(activated B cell, immature B cell, and memory B cell),
natural killer (NK) cells (NK T cell, CD56dim NK cell, and
CD56bright NK cell), and myeloid subsets [immature DC,
neutrophil, activated DC, myeloid-derived suppressor cell
(MDSC), macrophage, plasmacytoid dendritic cell (pDC),
monocyte, eosinophil, and mast cell].

Firstly, the infiltration proportions of different TIC
subtypes showed moderate to close correlations (Figure I).
Subsequently, PCA was utilized to detect the infiltration
patterns of both the LUSC group and the normal control
group. Surprisingly, there was a significant difference
between the tumor and normal control groups, which might
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be an intrinsic feature of LUSC (Figure 2A). In addition, we
also compared the immune cell infiltrate profiles of LUSC
patients with normal controls. As shown in Figure 2B, the
proportions of activated CD4 T cells, memory B cells,
CD56dim NK cells, and CD56bright NK cells in tumor
tissue were higher than those in the normal control group.
In contrast, the remaining cell types were lower in the
LUSC patient group. These results indicated that the TME
in LUSC was completely different from that in normal
tissue, and TICs played an important role in tumor genesis
and development.

Immune checkpoint modulators had no prognostic value in
LUSC

As previously described, immune checkpoint modulators
play important roles in all kinds of physiological and
pathological processes (25). There were 17 crucial immune
molecules, namely CD27, CD40, CD58, CD70, CD86,
CD274 (PDL1), CD276, CTLA4, HAVCR2 (TIM3),
ICOS, IDO1, LAG3, PDCD1, PDCD1LG2, TIGIT,
TNFRSF14, and VI'CNI, included in our analysis. As
shown in Figure 34, the expression of immune checkpoint
modulators correlated closely with the infiltration of TICs
in LUSC. Meanwhile, the prognostic value of immune
checkpoint modulators was also explored, however, none
of them were correlated with the prognosis of LUSC
(Figure 3B,C,D,E,F,G and Figure S1).

The prognostic value of TICs in LUSC patients

"To examine the predictive value of TICs for OS, Kaplan-
Meier survival analyses were performed according to
different TIC distribution patterns. The results showed
that 14 of the 27 TICs were associated with the outcome in
LUSC. Only 2 infiltrates (memory B cells and CD56bright
NK cells) were related to improved prognosis, while
12 other infiltrates, including central memory CD4
T cells, central memory CD8 T cells, Tregs, gamma
delta T cells, CD56dim NK cells, macrophages, pDCs,
MDSCs, neutrophils, type 1 T helper cells, mast cells,
and eosinophils, were related to poor survival in LUSC

(Figure 4 and Figure S2).
High efficiency immune prognostic model in LUSC
Based on the above results, a novel predictive model with

the ability to calculate the prognostic risk score for LUSC
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Figure 1 Correlations of tumor-infiltrating immune cell (TIC) subsets in lung squamous cell carcinoma. The proportions of different TIC

subpopulations were moderately to closely correlated.

was established after applying the random forest model to
the training set. LUSC patients were divided into low-risk
and high-risk groups according to the prognostic risk score
analyzed with “Cutoff Finder”, an online tool to identify
the best cut-off (26) (Figure 5A). The risk curve and survival
status showed that patients considered as high risk tended
to have a worse prognosis than patients with low risk
(Figure 5B). Central memory CD8+ T cells, pDCs, and
Tregs were found to be enriched in the high-risk group,
while memory B cells were predominantly enriched

© Annals of Translational Medicine. All rights reserved.

in the low-risk group (Figure 5C). It was clear that the
new immune-related predictive model was significantly
associated with OS in LUSC patients (P<0.0001)
(Figure 5D). The 1-, 3-, and 5-year areas under the curve
(AUC) of the survival ROC curves reached 0.95, 0.98, and
0.96 respectively, supporting the accuracy and effectiveness
of the new predictive model (Figure SE).

To further verify the predictive ability of the new
immune-related model, a similar analysis was performed

in the validation dataset. Consistent with the training

Ann Transl Med 2021;9(9):799 | http://dx.doi.org/10.21037/atm-21-1852
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Figure 2 Distribution differences of tumor-infiltrating immune cells (TICs) between normal and lung squamous cell carcinoma (LUSC)

patients. (A) The infiltration patterns of the LUSC and normal groups were characterized by a principal component analysis (PCA) model. (B)

Comparison of TIC subsets between tumor and normal tissue.

set, patients considered as high risk tended to have worse
outcomes than patients with low risk (Figure 64,B,C). The
immune-related predictive model was also significantly
correlated with OS in the validation cohort (P<0.0001)
(Figure 6D). The 1-, 3-, and 5-year AUCs of the survival
ROC curves reached 0.95, 0.98, and 0.95 respectively
(Figure 6E), indicating satisfactory predictive stratification
by the final immune-related predictive model.

Discussion

In this study, we systematically elaborated on TIC

© Annals of Translational Medicine. All rights reserved.

composition, immune checkpoint modulator distribution,
and their prognostic value in LUSC. More importantly,
based on TICs, we structured a novel immune-related
prognostic model for LUSC which indicated that patients
with fewer memory B cells and more central memory CD8
T cells, Tregs, and pDC infiltration had poor prognosis.
This predictive model can identify LUSC patients with
worse prognoses more accurately and effectively.

It was shown that Tth cells were positively associated
with better prognosis in a similar study (27), while an
increased number of neutrophils indicated a poor outcome
in LUSC. Consistent with the above study, we demonstrated

Ann Transl Med 2021;9(9):799 | http://dx.doi.org/10.21037/atm-21-1852
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Figure 4 Kaplan-Meier curves of tumor-infiltrating immune cell (TIC) distribution patterns in lung squamous cell carcinoma (LUSC).
(A-L) Kaplan-Meier curves of overall survival split within LUSC. Hazard ratios with 95% CI and log rank P values were calculated. P<0.05

was considered significant.
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a low proportion to a high proportion. (D) The immune-related predictive model significantly predicts overall survival (OS) in LUSC. (E)

Receiver operating characteristic (ROC) curve analysis of survival prediction by the predictive model.
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Figure 6 Risk score analysis of the immune-related predictive model in lung squamous cell carcinoma (LUSC) in the validation cohort.

(A) Low- and high-risk groups of LUSC patients based on the predictive model. (B) Survival status and duration of LUSC patients. (C)

Proportional heatmap of the 4 tumor-infiltrating immune cells (TICs) in LUSC. The transition from blue to red indicates the trend from

a low proportion to a high proportion. (D) The immune-related predictive model significantly predicts overall survival (OS) in LUSC. (E)

Receiver operating characteristic (ROC) curve analysis of survival prediction by the predictive model.
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a negative correlation between neutrophil count and patient
survival. It is well established that inflammation is one of the
hallmarks of tumors (28). The activity of other immune cells
could be inhibited by neutrophils, leading to tumorigenesis
and immune escape. While the prognostic value of Tth cells
in LUSC remains controversial, our results suggested that
Tth cells were inversely correlated with patient survival. A
previous study (29) demonstrated that a high number of Tth
cells could induce immunosuppression and lead to tumor
development in NSCLC, indicating the tumor-promoting
role of Tth cells in lung cancer. More importantly, the AUC
of the immune-related prognostic model reached above 0.95
in both the training and validation cohorts, indicating that
our novel model has more stability and efficiency.

A meta-analysis (30) showed that FoxP3+ Tregs had
dual prognostic value depending on the tumor types. It
was also demonstrated that Tregs and pDCs predicted
worse prognosis in the TME of gastric cancer (GC) as the
main immunosuppressive cells (31). As the key component
of humoral immunity, B cells play an important role in
the prognostic impact in human solid tumors. A previous
study (32) proved that CD27-isotype-switched memory B
cells served as independent favorable predictors of prognosis
in human hepatocellular carcinoma (HCC). Consistent
with the previous studies above, we also indicated that
Tregs, pDCs, and memory B cells had the same prognostic
value in LUSC. Usually, central memory CD8+ T cells are
considered as anti-tumor factors (33). Although this was a
negative prognostic marker for LUSC in this study, it is not
contradictory. We speculated that the higher the degree of
malignancy of the tumor, the more the infiltration of central
memory CD8+ T cells with anti-tumor function, but the
increase in the degree of immune cell infiltration is not as
rapid as the rate of tumor progression. Thus, a high level
of immune cell infiltration does not necessarily represent a
good prognosis.

In conclusion, we provided a comprehensive analysis of
the effects of TICs and immune checkpoint modulators on
the prognosis of LUSC, and established a novel immune-
related prognostic model based on the TICs which could
effectively identify the LUSC patients with poor prognosis.
These findings provide effective strategies for improving
immunotherapy and guiding personalized therapy in LUSC.
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Figure S1 (A-K) Kaplan-Meier curve of different immune modulators in LUSC. Hazard ratio with 95% CI and log rank P value were

calculated. P<0.05 was considered significant.
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Figure S2 (A-O) Kaplan-Meier curve of TIC distribution patterns in LUSC. Hazard ratio with 95% CI and log rank P value were

calculated. P<0.05 was considered significant.
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